Using hyperspectral remote sensing technology to monitor leaf area index (LAI) in a timely, fast and non-destructive manner is essential for accurate quantitative crop management. The relationships between existing vegetation indices (VIs) and LAI usually tend to saturate under dense canopies in crop production. The purpose of this study was to propose a new VI in which the estimating saturation is greatly weakened, and prediction accuracy is improved under conditions of high LAI in winter wheat (Triticum aestivum L.). The quantitative relationship between ground-based canopy spectral reflectance and LAI in wheat was investigated. The results showed that the optimized band combination, namely, the form of non-linear vegetation index (NLI) was more sensitive to changes in LAI. When λ(x1) = 798 nm and λ(y2) = 728 nm, the band combination NLI (798,728) had the highest R 2 of 0.757. Among the common VIs, the modified triangular vegetation index 2 (MTVI2), the ratio spectral index [RSI (760,730)] and the 2-band enhanced vegetation index (EVI2) gave superior performance (R 2 > 0.710) in terms of LAI estimation, but were worse than NLI (798,728). Inspired by the modified non-linear vegetation index (MNLI), NLI (798,728) was further optimized to become a novel optimized non-linear vegetation index (ONLI), which can be calculated by the formula (1+0.05) × 0.6 × R 2 798 − R 728 0.6 × R 2 798 + R 728 +0.05 . The unified ONLI model gave an R 2 of 0.779 and root mean square error (RMSE) of 1.013 across all datasets. These results indicate that the novel ONLI has strong adaptability to various cultivation conditions and can provide a good estimate of LAI in winter wheat.
Introduction
The leaf area index (LAI) is defined as the ratio of the one-sided surface area of all green leaves to the surface area per unit of land (Bréda 2003) . LAI is a significant structural parameter for evaluating material and energy exchange such as photosynthesis, respiration and carbon and nutrient cycles in terrestrial ecosystems (Viña et al. 2011) . LAI is often used to understand the physiological processes that occur in forest and crop canopies, and to forecast their growth and productivity (Haboudane et al. 2004) . Therefore, the acquisition of LAI is particularly important.
There are many methods for obtaining LAI, and these are mainly divided into two categories: (1) traditional direct measurement and (2) indirect measurement. Traditional direct measurement includes methods such as the grid method, the coefficient method and the specific leaf weight method, among others (Daughtry 1990 ). The direct measurement method has relatively high precision; however, it is not suitable for large area measurement because of its destructiveness and high labor requirements (Chason et al. 1991 ), but it is often used to collect verification data for the development and improvement of indirect measurement methods (Cutini et al. 1998 ). The indirect measurement methods include the inclined point quadrat, the remote sensing method and optical methods using the LAI-2000 canopy analyser or other instruments (Wilson 1960; Arias et al. 2007; Casas et al. 2014) . It is convenient and quick to obtain the LAI of vegetation by an indirect method, but such measurements are affected by cultivation factors and atmospheric conditions and still need to be corrected by the results obtained from a direct method (Chason et al. 1991) . Remote sensing can rapidly monitor crop growth on a large scale and without damage, and a large number of studies have been undertaken (Hansen and Schjoerring 2003; He et al. 2016 ). Hence, the retrieval of LAI from remote sensing data is a popular and promising way to manage crops.
At present, in order to improve the ability to predict LAI, several vegetation indices (VIs) have been established by combining the bands that show good relationships with LAI in canopy spectral reflectance. The normalized difference vegetation index (NDVI) established by Rouse et al. (1974) , is the most well known and widely used, and it is suitable for estimating LAI for various vegetation types (Heiskanen et al. 2012; Tillack et al. 2014) . However, the relationship between LAI and NDVI tends to saturate in relatively dense canopies, and it shows a non-linear relationship as a whole (Baret and Guyot 1991; Gitelson 2004) . In order to address this limitation, the development of different VIs usually comes from a modification of NDVI through wavelength optimization or the addition of a coefficient (Huete 1988; Huete et al. 2002; Gitelson 2004; Inoue et al. 2008 ). The green NDVI and normalized difference red edge (NDRE) improved the relationships with LAI by replacing the red band with other bands, but the prediction accuracy is still low (Gitelson and Merzlyak 1997; Fitzgerald et al. 2006) .
Considering that canopy reflectance is easily affected by the optical properties of the soil, the second category of modified NDVI attempts to minimize the influence of soil background by adding a soil-adjusted factor (Huete 1988; Rondeaux et al. 1996) . The representative indices are the soil-adjusted vegetation index (SAVI; Huete 1988) , the optimized soil-adjusted vegetation index (OSAVI; Rondeaux et al. 1996) and the modified soil-adjusted vegetation index (MSAVI; Qi et al. 1994 ). These indices have been very successful at improving the LAI-reflectance relationship in circumstances where soil properties factor into the remote sensing scene (Liang et al. 2015) . In addition, considering the significant reflectance contrast between the near-infrared (NIR) and red bands under dense canopies with high LAI, the wide dynamic range vegetation index (WDRVI) reduced the reflectance contrast by adding a weighting coefficient based on the NDVI, which improved the accuracy of the LAI estimation (Gitelson 2004; Cao et al. 2017) .
Many studies have been carried out to address the relationship between VIs and LAI. The MERIS terrestrial chlorophyll index (MTCI; Dash and Curran 2004) , the green chlorophyll index (CI green ; Gitelson et al. 2005 ) and the red-edge chlorophyll index (CI red-edge ; Gitelson et al. 2005) show a strong and significant linear relationship with LAI and are more sensitive to LAI than the widely used NDVI-like indices due to the linear relationship between canopy chlorophyll content and LAI (Viña et al. 2011; Tanaka et al. 2015) . Moreover, in order to minimize the effect of leaf chlorophyll content on the prediction of LAI, Haboudane et al. (2004) designed the modified triangular vegetation indexes (MTVI1 and MTVI2) and the modified chlorophyll absorption ratio indices (MCARI1 and MCARI2) by enhancing the information from the near infrared band sensitive to leaf and canopy structure and weakening the influence of soil background. MTVI2 has been repeatedly shown to be sensitive to changes in LAI and can accurately estimate LAI (Haboudane et al. 2004; Liang et al. 2015; Tanaka et al. 2015) . These VIs have improved abilities to estimate LAI, but the problem of saturation in the case of high LAI remains, which limits their application somewhat in actual production. Hence, developing new VIs that can weaken the estimation of saturation LAI still need to be continually explored using different approaches.
Wheat is one of the three most important grain crops in the world. The province of Henan is one of the major areas for wheat production in China, and it has made great contributions to national food security. However, in areas where wheat is grown in large dense populations, the LAI can often be > 8 during active growth stages. There tends to be saturation in estimating LAI using conventional VIs from remote sensing data, which seriously limits the application of remote sensing technology in accurate management of crops. The objectives of this study were (1) to construct a novel VI to accurately estimate LAI by reducing the saturation effect, (2) to compare the capabilities of several established VIs with new indices for estimating LAI in wheat under different field test conditions and (3) to confirm a unified model of estimating LAI across different field conditions. The expected results would provide a method of LAI estimation by weakening the saturation and ensuring prediction accuracy under conditions of high vegetation coverage.
Materials and methods

Experimental design
In this study, the experiments were set up across three growing seasons at three locations in Henan Province, China. A total of five experiments that included different years, locations, nitrogen (N) fertilizer rates, irrigation frequencies, planting density and cultivars of hexaploid winter wheat (Triticum aestivum L.) were investigated (Table 1 ). In addition, the nutrient contents and physical properties of the soil and the wheat sampling periods are also shown in Table 1 . Experiments 1 and 2 were conducted at the test station of Henan Agricultural University in Zhengzhou city (34°51′N, 113°35′E) in fluvo-aquic soil. Experiments 3 and 5 were conducted on a private farm in Shangshui county, Zhoukou city (33°33′N, 114°37′E) in lime concretion black soil. Experiment 4 was conducted at the test station of Henan Agricultural University situated in Yuanyang county, Xinxiang city (35°6′N, 113°56′E) in fluvo-aquic soil. Experiments 1-3 used a randomized block design, while experiments 4 and 5 were arranged in a split block design where the main zones were irrigation regimes and the secondary zones were nitrogen rates. All treatments were designed for three repetitions. Other management practices followed the local standard practices for winter wheat production.
Measurement of canopy spectral reflectance
The canopy spectral reflectance in all experiments was measured at a vertical angle from a height of approximately 1 m above the wheat canopy between 10:00 and 14:00 h (Beijing time) using an ASD FieldSpec Handheld spectrometer (HandHeld 2/1817, Analytical Spectral Devices Inc., Boulder, CO, USA) under clear-sky conditions. The spectrometer sensor is equipped with 25° field of view optical fibers with a resolution of 3.5 nm and a sampling interval of 1.6 nm. The working range of the spectrometer is from 325 nm to 1075 nm. Moreover, the black and baseline reflectance was calculated using a 0.40 × 0.40 m 2 white calibration panel made of BaSO 4 . In order to obtain more representative canopy reflectance, spectral measurements were conducted at three sites in each plot and five spectra were collected at each site, and these fifteen spectra were averaged as a spectral sample of the entire plot.
Measurement of LAI
In order to match with the canopy spectral reflectance measurement, wheat plants with an area of 0.2 m 2 (0.5 m long in two rows, with a spacing interval of 0.20 m) were collected from each of the same three sites in the experimental plot and merged together as a sample of this plot. In the laboratory, 15 plants were randomly selected from each sample and all the fully expanded green leaves were separated to measure leaf area (LA) using the grid method. All leaves from each of the 15 plants were placed on a piece of square paper with 1 × 1 mm 2 grids, and their outlines were drawn with a pencil. The total number of 1 mm 2 squares that the leaves covered were counted to calculate the LA. It is important to note that squares in which the leaf margin covered less than half were not counted, and those where the margin covered more than half were counted to calculate LA. There is a strong correlation between the area of fresh leaves and their dry weight (Champagne et al. 2003) . The leaves were placed in an oven at 105 °C for 30 min to deactivate enzymes, and then baked to constant weight at 80 °C. Finally, the dry weights (DW) of the leaves from 15 plants were obtained, and the remaining leaves were weighed. The LAI of a plot can be calculated by using the following formula:
where DW 1 and DW 2 are the dry weights of leaves from 15 plants and the remaining leaves, respectively, and S represents the sampling area per plot.
Construction of a new spectral index
There have been recent discoveries concerning the relationships between saturation of the NDVI, reflectance contrast and LAI (Gitelson 2004; Cao et al. 2017) . The NDVI saturation is
S mainly caused by the reflectance contrast of the red and near-infrared (NIR) bands, while the contrast is caused by the dense canopy when LAI is high. Therefore, reducing the reflectance contrast under high LAI conditions is the key step to mitigate the saturation. Gitelson (2004) constructed the WDRVI to significantly reduce saturation by adding the weighting coefficient "a". Canopy reflectance is affected by many factors, and these influences interact with each other and are usually non-linear. The non-linear vegetation index (NLI) reduced the reflection contrast and saturation by using the squared values of the near infrared band reflectivity, which then linearized the relationship with LAI (Goel and Qin 1994) . Soil background conditions exert considerable influence on partial canopy spectra and the relationship between LAI and NDVI, and a soil adjustment factor has been proposed (Huete 1988) . The optimal adjustment factor was found to be linearly correlated with LAI (r = − 0.99) and it thereupon reduced soil-induced variations and improved the linearity between LAI and spectral indices, such as SAVI, OSAVI and MSAVI (Huete 1988; Qi et al. 1994; Rondeaux et al. 1996) . Moreover, Gong et al. (2003) proposed the modified NLI (MNLI) by adding a soil factor to improve the prediction ability of LAI.
NDVI and NLI both belong to the two-band normalized difference (ND) indices, and these indices can be calculated from the following common expression:
where for each b 1 and b 2 ϵ{1,2}, R 1 and R 2 are the reflectance (%) of the wavelength bands in the 400-900 nm region.
In addition, taking into account the advantages of WDRVI and MNLI on improving the inversion ability of growth indicators, the soil factor (L) and weighting coefficient (a) were introduced into the above formula, and optmized expression was as follows:
where "a" and "L" range from 0 to 1 in intervals of 0.05.
Data analysis
Correlations between spectral indices and LAI were analyzed using MATLAB (MATLAB 9.0, MathWorks, Inc., Natick, MA, USA). The contour map of R 2 showing linear relationships between LAI and different combinations (a and L) based on VI O was plotted using SURFER (SURFER 10.0, Golden Software, Inc., Golden, CO, USA).
The general performance of the models was evaluated by comparing the differences in determination coefficient (R 2 ) and root mean square error (RMSE). Higher R 2 values and lower RMSE indicate that a VI has better precision in estimating LAI. RMSE was calculated using the following Eq. (4):
(2)
where P i and O i are the predicted and the observed values, respectively, and n is the number of samples. Figure 1 shows that LAI is regulated by N rates, irrigation and planting density. LAI increases with increases in nitrogen fertilizer rates, irrigation frequency and planting density, and generally shows a trend of first rising, peaking at booting or heading and then decreasing as the growth stages progress. LAI reached its peak value at the booting stage under both different N rates ( Fig. 1a ) and irrigation frequencies ( Fig. 1b ) for cultivar 'Zhoumai 27', and the maximum value of LAI was > 9.0. As shown in Fig. 1c and d , the stage at which the maximum LAI value was reached varied based on the planting density; for two types of cultivars, LAI reached the peak value at booting stage for lower densities (D6 and D12) and at heading stage for higher densities (D18 and D24). There was a difference in LAI between cultivars; the LAI of the horizontal cultivar 'Zhengmai 9694' was greater than that of the erect cultivar 'Yumai 49-198' during jointing and anthesis, and the LAI of 'Zhengmai 9694' was slightly lower than that of 'Yumai 49-198' after anthesis. 
Results
Dynamic changes in LAI
Comparisons of relationships between LAI and selected VIs
Twenty commonly used VIs were selected to establish relationships with LAI using data from experiments 1-5 (Table 2) . Fifteen out of the 20 selected VIs were two-band indices, in which the ratio spectral index [RSI (760, 730) ] and the 2-band enhanced vegetation index (EVI2) had the highest R 2 (0.719 and 0.717), and the lowest RMSE (1.147 and 1.150) (Fig. 2) . Except for the lower R 2 (0.495) of the modified normalized difference spectral index [mNDSI (940, 950, 540) ], the other four VIs involving > 3 wavebands generated higher R 2 values, above 0.680, and MTVI2 and the Vogelmann index 3 (VOG3) gave superior performances with R 2 of 0.734 and 0.715, and RMSE of 1.114 and 1.155, respectively. Furthermore, compared with the same form VIs, those VIs comprised of the red edge band gave better performance in LAI estimation, such as NDRE (R 2 = 0.669) and NDVI (810,680) (R 2 = 0.554). Overall, MTVI2, RSI (760,730) and EVI2 were superior to other indices in terms of LAI estimation, and the R 2 values were > 0.710. The quantitative relationships between the three best performing indices [MTVI2, RSI (760, 730) and EVI2] and the widely used MTCI are depicted in Fig. 3 , and these VIs could reflect changes in the LAI to some extent. In addition, when LAI exceeded 7.5, the distribution of scattered points usually deviated from the fitted line.
Correlation of LAI with ND-type parameters
The contour maps of R 2 for the linear relationships between LAI and the ND ratios of all waveband combinations [four groups: λ(x1) and λ(y1), λ(x1) and λ(y2), λ(x2) and λ(y1), λ(x2) and λ(y2)] are shown in Fig. 4 . The band combinations of two forms: λ(x1) and λ(y2), λ(x2) and λ(y1) were more sensitive to changes in LAI. Because the two forms are essentially identical, the first one was chosen for analysis. The band combinations with R 2 > 0.70 were mainly distributed in two separate regions: (i) [λ(x1): 740-900 nm, λ(y2): 530-570 nm] and (ii) [λ(x1): 740-900 nm, λ(y2): 700-750 nm]. These combinations have the same form and structure with the common NLI in the form of R 2 1 − R 2 R 2 1 + R 2 . In the first region (i), the optimal combination is NLI (868,550) [λ(x1) = 868 nm, λ(y2) = 550 nm] with R 2 = 0.713 ( Fig. 5a ). However, the regression model with NLI (868,550) as an independent variable produced a saturation trend at higher LAIs > 4.0 (Fig. 5a ). In the second region (ii), when λ(x1) = 798 nm and λ(y2) = 728 nm, the band combination NLI (798,728) had the highest R 2 = 0.757 ( Fig. 5b) . NLI (798,728) demonstrated better predictive capability, and the regression model describes the dynamic changes in LAI well. Compared with the best-performing published index (MTVI2), the R 2 value of NLI (798,728) increased by 3.13%, which indicates that this parameter is a potential indicator of LAI in wheat.
Optimization of non-linear VI
Compared with the common NLI, the authors' NLI (798,728) improved the predictive accuracy of LAI (Figs. 2, 5b) , however, when LAI is greater than 7, NLI (798,728) tends Fig. 4 Contour map of R 2 for linear relationships between LAI and the normalized difference ratios of all possible waveband combinations. Note The λ(x1) and λ(y1) axes take the square values of the band reflectivity, while the λ(x2) and λ(y2) axes take the band reflectivity values to be saturated to some extent and the data points are relatively scattered (RMSE = 1.096, Fig. 5b ). Thus further strengthen the relationship between NLI (798,728) and LAI, a soil factor and a weighting coefficient were simultaneously introduced into NLI (798,728). The contour map of R 2 for linear relationships between LAI and derivatives from NLI (798,728) is shown in Fig. 6 , and the higher R 2 (above 0.7) region occupied approximately half the area of the graph. When the "a" value is constant, the R 2 values decrease with increases in the "L" value, while the R 2 values increase with increases in the "a" value when the "L" is > 0.77 shows an approximately V-shaped distribution; in particular, the combination of a = 0.6 and L = 0.05 had the highest R 2 value (0.779), and this optimized NLI took the form of (1 + 0.05) × 0.6 × R 2 798 − R 728 0.6 × R 2 798 + R 728 + 0.05 and was called ONLI. The unified relationship between ONLI and LAI in winter wheat is plotted in Fig. 7 ; the improved R 2 and RMSE were 0.779 and 1.013, respectively, and this index greatly weakened the saturation when estimating LAI.
Effects of experimental conditions on the correlation between LAI and selected VIs
The prediction accuracy of different VIs is highly dependent on the dataset used, therefore, the wheat data for a set of experimental variables that included location, cultivar, irrigation level, N rate, planting density and year were collected. The R 2 and RMSE of the linear relationships between seven VIs and the LAI for the different variabls are shown in Table 3 . Compared with the six common VIs, the novel index ONLI had the highest prediction accuracy for nineteen out of the 21 experimental groups. In addition, the R 2 values of all VIs in the N0 treatment were < 0.50, but this could not be taken into account because there is rarely a case where nitrogen fertilizer is not applied to a wheat field. The R 2 values of the previously best-performing index, MTVI2, varied between 0.491 and 0.786, while those of ONLI ranged from 0.484 to 0.811. Compared with MTVI2, the ONLI R 2 increased by 6.13% and the RMSE decreased by 9.07% across all datasets.
In order to understand the effects of different locations, cultivars, irrigation frequencies, planting density, N rates and years on the relationship between ONLI and LAI, the data from experiments 1-5 were used to carry out linear regression analysis. The horizontal cultivar 'Zhengmai 9694' and the intermediate cultivar 'Zhoumai 27' gave higher prediction accuracies (0.783 and 0.782), while the erect cultivar 'Yumai 49-198' gave an R 2 of only 0.707 (Fig. 8b) . The R 2 values between ONLI and LAI varied with respect to irrigation level, with R 2 > 0.78 for W1 and W2, and an R 2 of 0.750 for W0 ( Fig. 8c ). For the plant density treatments, ONLI gave a high prediction accuracy (R 2 = 0.753-0.787; Fig. 8d ). Under different N treatments, the R 2 values of ONLI ranged from 0.484 to 0.733, and increased with increasing N application rate (Fig. 8e ). On the whole, except for the datasets in which the N rates were low (< 90 kg ha −1 ), the R 2 values of ONLI were all > 0.70. Therefore, for all the datasets, the novel index ONLI is the most powerful vegetation index for estimating LAI. 
Discussion
Selection of sensitive bands
Remote sensing is a very useful non-destructive tool for real-time monitoring of plant growth and physiological indices (Takebe et al. 1990 ). The narrowband spectral index has been reported to have greater sensitivity to N status and LAI (Hansen and Schjoerring 2003; Cao et al. 2017) . Therefore, the selection of sensitive bands is very important in the construction of VIs. In order to improve the estimation of biochemical parameters, the sensitive bands of conventional VIs have undergone the development of red, green and blue bands; examples are the NDVI, green NDVI and R 434 /(R 496 + R 401 ), among others (Rouse et al. 1974; Gitelson and Merzlyak 1997; Tian et al. 2011 ). However, the red-edge region ranging from 690 to 760 nm has a sharp change from the lowest absorption to the highest reflection (Horler et al. 1983) , and is more sensitive than the visible bands to the LAI variability, canopy chlorophyll content and canopy structure (Filella et al. 1995; Herrmann et al. 2011; Hunt et al. 2013) . Therefore, many red-edge indices (NDRE, CI red-edge and MTCI) have been shown repeatedly to be able to provide good estimates of crop LAI (Peng et al. 2011; Viña et al. 2011; Gitelson et al. 2014; Tanaka et al. 2015) . In this study, the VIs that include the red-edge band usually show better performance with respect to LAI estimation; for example, NDRE (R 2 = 0.669) is better than NDVI (810,680) (R 2 = 0.554) (Fig. 2) . Compared with NLI (810,680) and NLI (868,550), NLI (798,728) obtained by band optimization gave a higher fitting accuracy with LAI (R 2 = 0.757; Fig. 5b ), which also indicates that the red-edge band is more capable of detecting canopy depth under high biomass conditions (Ciganda et al. 2012) . 
Construction of new parameters by reducing the saturation effect
It is well known that the relationships between most existing indices and the surface biophysical parameters are non-linear, such as the relationships of NDVI and OSAVI with LAI (Rouse et al. 1974; Rondeaux et al. 1996; Gitelson and Merzlyak 1997) . This is because canopy reflectance is affected by many factors, and these influences interact with each other and are usually non-linear (Goel and Qin 1994) . Therefore, in order to simulate the non-linear relationships between VIs and surface biophysical parameters, non-linear VIs emerged as the times require, such as NLI and RDVI (Goel and Qin 1994; Roujean and Breon 1995) . In this study, compared with the widely used NDVI, the estimation precision of NLI and RDVI increased by 14.26% and 26.51%, respectively (Fig. 2) . NLI (798,728) gave superior performance (R 2 = 0.757) by taking full advantage of red edge and non-linearity, while the previous best-performing index, MTVI2, only gave an R 2 of 0.734. The above non-linear VIs can linearize the relationships with LAI that to a great extent tend to be non-linear. Therefore, the non-linear VIs can reduce the saturation problem in LAI estimation and in turn improve the prediction accuracy.
The NDVI which consists of NIR and red, is the most well known and widely used VI (Rouse et al. 1974 ). However, the saturation of NDVI is a difficult problem that cannot be ignored and needs to be overcome. Reducing the reflectance contrast under conditions of high LAI is the key step to reducing the saturation (Gitelson 2004) . The WDRVI enabled a better characterization of vegetation biophysical properties by introducing the weighting coefficient "a", which weakens the reflectance contrast under high LAI conditions and thus reduces the saturation (Gitelson 2004) . The red-edge wide dynamic range vegetation index (red-edge WDRVI) retains the advantage of the coefficient "a" and weakens the saturation (Nguy-Robertson et al. 2014) . The modified normalized difference spectral index (mNDSI) proposed by Cao et al. (2017) also uses this principle to add the coefficient "k" to improve the sensitivity to LAI and reduce the saturation. In this research, when compared with NDVI, WDRVI increased its predictive ability by 21.65% by adding the weighting coefficient "a" (Fig. 2) .
It is well known that canopy reflectance is easily affected by the optical properties of the soil background, such as soil brightness (Huete 1988; Rondeaux et al. 1996) . The soil adjustment factor "L" plays a role in minimizing soil brightness, and its value varies based on the density conditions, which produce vegetation isolines more independent of soil background (Huete 1988) . For example, the "L" values of OSAVI, VI opt and MNLI are set to 0.16, 0.45 and 0.5, respectively (Rondeaux et al. 1996; Gong et al. 2003; Reyniers et al. 2006) . In this study, OSAVI and MNLI both showed improved prediction accuracy (> 13%) compared with the initial NDVI and NLI by introducing the soil adjustment factor "L".
Inspired by these earlier successes, the authors further modified NLI (798,728) by introducing both "L" and "a" to reduce soil effects and reflectance contrast. Through the co-operative optimization of the above two factors, "L" and "a" were set to 0.05 and 0.6, respectively. This optimized non-linear vegetation index (ONLI) takes the form of (1 + 0.05) × 0.6 × R 2 798 − R 728 0.6 × R 2 798 + R 728 + 0.05 , and generates better predicting performance with R 2 = 0.779, an increase of 2.91% in R 2 and a decrease of 7.57% in RMSE compared with the former NLI (798,728). Therefore, ONLI improved the estimation accuracy of LAI by the comprehensive contributions of the soil factor and weighting coefficient, and its prominent characteristic was a reduction in the saturation effect of LAI estimation, especially under conditions where LAI is high. This will provide a method for accurate estimation of higher LAI under sufficient water, fertilizer and planting density driven by the goal of super-high yield in agricultural production.
Stability of the new index under different cultivation factors
Crop production is influenced by many cultivation factors, hence it is necessary to seriously consider which factors may affect the accuracy of LAI estimation. In this study, for the N treatment, the ONLI R 2 values increased as the N application rate increased (Fig. 8e ). This may be because LAI and plant N concentration are closely related to the N application rate in wheat (Plénet and Lemaire 2000; Chen et al. 2010) , which resulted in a weakening of the effect of soil background on the canopy reflectance spectrum at high N application rates. Water is an all-important factor for crop growth. The R 2 values between ONLI and LAI showed differences in performance with R 2 > 0.78 for W1 and W2, and an R 2 of 0.750 for W0 ( Fig. 8c ). In this research, experimental fields are irrigated, and irrigation promotes wheat growth significantly. Less interference from soil factors resulted in the improved R 2 values for both W1 and W2.
The relative ability of ONLI to estimate LAI varied based on the different cultivar types (Fig. 8b ), and this phenomenon may be due to inherent differences in leaf and canopy structures in the cultivars. Leaf direction can affect the canopy structure and light distribution, which in turn affects the canopy reflectance (Bertheloot et al. 2008) . Different plant types lead to different crop coverage for the same planting density, which then has a large influence on the crop canopy spectrum. 'Zhengmai 9694' is a horizontal cultivar, and the relatively lesser effect of the soil factor led to a higher R 2 (0.783). 'Yumai 49-198' is an erect cultivar, and a larger contribution from the soil and more light leakage loss resulted in a lower estimation capability (R 2 = 0.707). The estimation accuracies of ONLI were somewhat different for the different years and locations (Fig. 8a, f) , which may be due to the unique environment resulting from meteorological conditions, soil types and residue background (Justes et al. 1994) . This performance indicates that ONLI is unaffected by location and year, and can thus be applied under different locations and years.
Compared with the six selected common VIs, the ONLI R 2 values were the highest in nineteen out of the 21 groups (Table 3) . Moreover, except for low N rates (below 90 kg ha −1 ), the ONLI R 2 values were all > 0.70 (Fig. 8) . These results indicate that the novel index ONLI has strong adaptability to various conditions and can give good estimates of LAI for winter wheat across different field factors. On the whole, the variations in R 2 under various experimental conditions may be caused by the high degree of heterogeneity of the external environment. However, this difference is understandable and does not diminish the ability of the ONLI method to estimate the LAI of winter wheat with acceptable accuracy. Certainly, some other factors may affect the ability of the new index to accurately estimate LAI, which need to be further verified.
Conclusion
Remote sensing technology is a very important tool for the non-destructive, real-time monitoring of plant growth but the saturation of common VIs seriously limits the wide application of remote sensing technology to crop production management. The non-linear VIs were constructed to improve the relationship with LAI by reducing reflectance contrast.
The authors optimized the band combinations and found that NLI (798,728) demonstrated better predictive capability. Through the cooperative optimization of the soil factor and weighting coefficient, NLI (798,728) was further modified. The novel index ONLI can be calculated by the formula: (1 + 0.05) × 0.6 × R 2 798 − R 728 0.6 × R 2 798 + R 728 + 0.05 . The unified ONLI model was established to reduce saturation in the LAI estimation across different experimental conditions, and the predicted accuracy reached an R 2 of 0.779. Therefore, this novel index proved to be an accurate predictor of LAI under different field factors, and could be used to guide field management in crop production.
